Advances in sequencing technology provide opportunities to simultaneously address multiple questions in evolutionary genomics. One goal is to discover genes that contribute to natural variation among populations or species, typically via quantitative trait loci (QTL) mapping. A second major goal is to characterize broad patterns and features of genomes, including linkage, recombination rate variation, and major chromosomal polymorphisms such as inversions. Both of these objectives rely on the construction of linkage maps, which in turn rely on genotyping many individuals at many marker loci. High-throughput genotyping based on next-generation sequencing techniques has dramatically increased our genotyping capacity, improving both accuracy and precision in estimating linkage maps ([@bib17]; [@bib55]; [@bib59]).

For QTL mapping, these techniques should lead to higher power to detect loci and a finer resolution of genomic locations of QTL. High-density maps also allow estimation of variation in recombination rate (cM/Mb) if the markers can be tied to a reference genome or a set of genomic contigs. This variation can be further dissected by the identification of chromosomal inversions, which exhibit highly reduced recombination, as well recombination hotspots, which show the opposite. In this paper, we use multiplexed shotgun genotyping (MSG, [@bib3]) on a large panel of recombinant inbred lines (RILs) from *Mimulus guttatus*. We map several QTL affecting secondary metabolite levels and also document both major and minor variation in recombination rate.

The dominant bioactive secondary metabolites of *Mimulus* consist of a suite of phenylpropanoid glycosides (PPGs) implicated in plant defense against herbivores ([@bib35]). PPGs are synthesized via the shikimic acid pathway, which is the source of a wide array of secondary compounds across higher plant species ([@bib41]; [@bib64]). PPGs typically consist of caffeoyl or hydroxytyrosol moieties bonded to a central β-glucopyranose sugar ([@bib52]). PPGs act as generalist herbivore feeding deterrents and as specialist herbivore feeding stimulants, and the production of these compounds is genetically variable within and among natural populations ([@bib51], [@bib35]). The RILs of this study are genetic mosaics of two parental genomes: Point Reyes (PR) is a low-elevation, perennial population located in California, whereas Iron Mountain (IM) is an alpine, annual population in Oregon ([@bib33]). We previously mapped QTL for the structural defensive trait of trichome density in this RIL panel ([@bib34]). The identification of QTL for PPG production reported in this paper provides a first step toward understanding the genetic architecture of PPGs in *M. guttatus* as well as a list of candidate genes for further localization of the responsible polymorphisms.

We also use the high-density linkage map to estimate recombination rate and variation therein. Recombination rates vary greatly among organisms, which has important implications for many aspects of evolution. Recombination rate is expected to evolve in responses to changes in mating system ([@bib57]), selection patterns ([@bib45]), and epistasis ([@bib19]; [@bib42], [@bib43]; [@bib5]). Starting with several thousand genomic scaffolds (the v1 genome build of *M. guttatus*; [@bib31]), we use the RIL genotypes to assemble scaffolds into 14 linkage groups. With map position estimates for markers, we then estimate recombination rate both within scaffolds, where we have an estimate of the physical distance between marker, and between scaffolds, where we do not.

Materials and Methods {#s1}
=====================

Derivation of the mapping population {#s2}
------------------------------------

We developed RILs from a cross between plants derived from two natural populations, IM and PR. IM is an annual population in the Cascade Mountains of central Oregon, whereas PR is a low-elevation, perennial population in the fog belt of coastal northern California. An IM plant from the inbred line IM 767 (father) was crossed to a PR plant (mother). A single F~1~ individual from this cross was self-fertilized to form 1000 F~2~ individuals, each of which founded a distinct recombinant lineage. These lines were continued through single seed descent for six subsequent generations, resulting in approximately 500 RILs (after line loss) in the F~8~ generation, used in the work described herein.

Genotyping by sequencing {#s3}
------------------------

We harvested leaf and bud tissue from adult plants from each of 481 RILs into 96-well plates with two stainless steel balls in each well. For each plate, we froze tissue with liquid nitrogen and homogenized using a modified reciprocating saw ([@bib1]). We added cell lysis buffer (0.1 M Tris, 55.9 mM CTAB, 20 mM EDTA, 0.5 mM PVP, 1.4M NaCl, 5 mM ascorbic acid) at 60° for 20 min followed by the addition of phenol:chloroform:isoamyl alcohol (25:24:1) and gentle mixing for 20 min on a nutating platform. After extracting the aqueous layer, we incubated the samples with RNAse (50 µL at 10 mg/mL) for 20 min at 37°. We performed a second extraction by adding chloroform:isoamyl alcohol (24:1), mixing, and extracting the aqueous layer. We then added 100 µL of 2M NaCL with 4% PEG and incubated at 4° for 15 min. After centrifugation and extracting the aqueous layer, we precipitated the DNA with cold absolute isopropanol followed by two washes with 70% ethanol. We dried the DNA pellets, rehydrated with TE, and quantified the DNA using a Qubit fluorometer.

We generated genomic libraries for genotyping individuals using the multiplexed shotgun genotyping method described in [@bib3]. Briefly, we pooled 96 individuals into an Illumina library by using a set of 96 unique bar-coded-adapters (BCAs). Each BCA contains the Illumina sequencing primer followed by a unique 6-bp barcode that is used to delineate samples after sequencing. In a 96-well plate, we digested 50 ng of genomic DNA (3 U *Mse*I; NEB Biolabs) in a 20-µL reaction for 3 hr at 37° followed by heat inactivation at 65° for 20 min. To each well, we added 5 pmol of a unique BCA followed by ligation master mix containing 400 U of T4 DNA ligase (NEB Biolabs) for a total volume of 50 µL. We performed the ligation in a thermocycler at 16° for 3 hr followed by heat inactivation at 65° for 10 min. We precipitated DNA in each well by adding 5 µL of sodium acetate and 50 µL of isopropanol. We pooled the entire contents of the plate into a single tube, added 1 µL of glycogen, and refrigerated overnight at 4°. Following resuspension with TE, we removed linker-dimers using Agencourt AMPure beads at 1.5 bead-mixture:sample-volume ratio.

We size-selected our library for fragments between 250 and 300 bp using a 2% GTG agarose (NuSieve) gel with an adjacent 50-bp ladder as a guide. We performed gel extraction using the QIAquick Gel Extraction kit and eluted with 35 µL of EB buffer. To obtain a sequencable quantity of our size-selected library, we performed 8 polymerase chain reactions (PCRs) at 14 cycles using Phusion High-Fidelity PCR Master Mix and primers that bind to common regions in the BCAs. We pooled these reactions and did two rounds of PCR cleanup using Agencourt AMPure beads at a 0.8 bead-mixture:sample-volume ratio. We concentrated the sample by eluting with 200 µL of TE in the first round of cleaning and 35 µL of QIAGEN EB buffer after the second round.

We prepared eight 96-plex libraries, distributing DNA from many RILs into multiple different libraries. We also included 12 samples of DNA from the IM767 line. As IM767 is a highly inbred line, this DNA should be nearly identical to that of the sire for the RIL population. Sequencing was performed on an Illumina HiSequation 2000 for single-end, 100-bp reads. Five of the libraries were sequenced at the Duke Genomics facility and three at the University of Kansas medical center.

Determining RIL genotypes from sequence data {#s4}
--------------------------------------------

After demultiplexing, we processed reads from the RILs and IM767, first with Scythe (<https://github.com/vsbuffalo/scythe/>) to remove adaptor contamination, and then with Sickle (<https://github.com/najoshi/sickle/>) to trim low-quality sequence. Using BWA with default parameter values ([@bib46]), we mapped the processed reads, one sample at a time, to the v1.1 draft of the *Mimulus guttatus* genome (<http://www.phytozome.net/>). This build consists of 2216 scaffolds ranging from a maximum size of 4.9 Mb (approximately 15% of an average *M. guttatus* chromosome) down to 1 kb. Highly repetitive regions of the reference sequences were masked prior to mapping. Following read mapping, we identified putative SNPs using the UnifiedGenotyper algorithm in the Genome Analysis ToolKit (GATK; [@bib50]).

We filtered SNPs based on several criteria using custom python scripts. We considered only those SNPs where (1) two bases segregated, (2) the IM767 samples yielded an unambiguous base call, (3) the total read depth across all RILs was between 50 and 1000, (4) the frequency of alternative bases across RILs was between 0.2 and 0.8, and (5) the fraction of RILs called as heterozygous was less than 0.25. The genotype of a RIL at a SNP was called as IM/IM if the sample frequency of the IM base was greater than 0.9, PR/PR if that frequency was less than 0.1, and IM/PR (heterozygous) otherwise. Criterion (3) was chosen to bracket the median depth of 338 across RILs for all SNPs called by GATK. The application of these filters reduced the number of SNPs from 1.27 million to 264,226. We then filtered SNPs based on consistency of genotype calls among neighboring markers within RILs. If the genotype call for a SNP differed from the calls at other SNPs within 50 kb on the scaffold more than half the time, it was excluded as spurious.

*Mse*I cuts very frequently in the *Mimulus* genome. Interrogating the reference genome, we estimate that approximately 40--45% of genome is 100- to 500-bp intervals between two *Mse*I recognition sequences (such fragments could be sampled into our libraries). The consequence is that we have a very large number of informative SNPs, with relatively low coverage per SNP. For a typical SNP, a minority of RILs had a substantial number of reads. For this reason, we implemented a window-based method to make genotype calls on RILs, aggregating information across SNPs within 50 kb windows within each RIL. A 5 Mb scaffold of the reference genome was thus characterized by 100 contiguous markers. Within each window of each RIL, we counted the number of SNPs with each genotype. As expected, the typical window contained SNPs called nearly all as IM/IM or all as PR/PR, with adjacent windows exhibiting the same predominant genotype. However, the data also clearly indicate regions of residual heterozygosity within many RILs---strings of 10 or more windows with substantial representation of alleles from each parent. Denoting p the frequency of the IM base across called SNPs within a window, we called the marker IM/IM if p \> 0.9, PR/PR if p \< 0.1, IM/PR if 0.4 \< p \< 0.6, and missing data otherwise.

We built the linkage map using the 100 RILs with the most complete genotyping data and restricted attention to those markers that were called in at least 75% of these RILs. We formed linkage groups using AntMap version 1.2 ([@bib36]) with a threshold of 0.15 in the "nearest-neighboring locus" grouping method and with recombination as the grouping criterion. These settings yielded 14 linkage groups, each with a large number of markers. To order markers within linkage groups, we used the 'Order Markers' option of AntMap with default settings (Haldane mapping function), except allowing a greater number of runs (20 instead of 3) to confirm an optimal solution. In the great majority of cases, we found that markers predicted to be contiguous because they were located on the same scaffold of the v1 genome build mapped together in the linkage map. However, we did 'break' some scaffolds when different parts of these scaffold mapped to different linkage groups. We preserved the marker ordering predicted by the v1 scaffolds at small genomic scales by manually reordering the map. We then input the marker-ordered genotype set into R/qtl (v. 1.26-14; [@bib8]) to estimate the map length of each linkage group, specifying cross type as 'RILs produced via selfing.' Finally, we matched our 14 linkage groups to those identified in previous *M. guttatus* mapping studies ([@bib21]; [@bib30]) by locating the MgSTS markers of these previous studies to the v1 genome build. As a consequence, our Chromosome 1 ([Figure 1](#fig1){ref-type="fig"}) is the same as LG1 of [@bib21], and so on.

![The genetic map with each marker identified with a horizontal line. The location of hypothesized inversions, where many markers have the same map positions are indicated by blue shading.](813f1){#fig1}

Recombination rate {#s5}
------------------

To estimate recombination rate per base pair, we estimated the map length of each unbroken scaffold of the genome build from the R/qtl output. Assuming that the physical length of these genomic intervals is correctly predicted by the genome sequence, the map length divided by the segment size yields a recombination rate (cM/Mb) point estimate for each scaffold. Additionally, the total genetic and physical map length accounted for by this within-scaffold analysis was used to determine the global rate of recombination within mapped portions of the genome. Using the genetic distance estimated from the assembled linkage map described previously, we inferred the genome-wide recombination rate as well as the rate pertaining to genomic regions between scaffolds. We obtained confidence intervals on the chromosome-specific recombination rates by block bootstrapping entire scaffolds (block sizes simulated from a geometric distribution with a mean of 3; 10,000 bootstrap replicates). This procedure was used to accommodate potential non-independence of recombination rate estimates among adjacent scaffolds.

Plant materials and phytochemistry measurements {#s6}
-----------------------------------------------

Seed from 211 RILs was grown in three rounds ("grow-ups") in the greenhouse at the University of Wisconsin, Madison. We used Fafard 3B potting soil. Plants received supplemented lighting (16-hr days with high pressure sodium lamps), were bottom-watered daily and fertilized weekly (with Blossom Booster, J.R. Peters, Allentown, Pennsylvania). Twelve days after seeding, we transplanted each seedling (three replicates per RIL per grow-up) into a two-inch pot. We randomized pot positions within flats and rotated flats daily on the greenhouse bench to minimize environmental effects. When the leaves of the fourth leaf pair of each plant were fully expanded, we harvested the third leaf pair of each plant. We flash-froze leaf tissue using liquid nitrogen, then freeze-dried and finely ground the tissue in a small-capacity ball mill (dental amalgamator with steel bearings). Ground samples were stored at −20**°**C until chemically analyzed.

We extracted PPGs from the dried, ground samples with methanol (10 min sonication, 12 hr at 21° in the dark). We vacuum dried 100 µL of the extract and redissolved it in 100 µL of a water/catechol mixture for analysis. We quantified the PPG content of each sample via high-performance liquid chromatography \[HPLC; Hewlett Packard 1090 HPLC with a diode array detector and Vydac C18 analytical column (4.6 × 250 mm, 5 µm particle size; W.R. Grace & Co., Columbia, MD) maintained at 30°\] or via ultra-high pressure liquid chromatography \[UHPLC; Waters Acquity I-Class UHPLC with an Acquity photodiode array detector and a Waters C18 CSH analytical column (2.1 × 100 mm, 1.7-µm particle size; Waters Corporation, Milford, MA) maintained at 30°\]. HPLC-run conditions are described in [@bib35]. UHPLC-run conditions included a binary mobile phase gradient with water (0.1% formic acid) as mobile A and acetonitrile (0.1% formic acid) as mobile B at a constant total flow rate of 0.5 mL/min. The gradient for each run consisted of B initially set at 1%, 20% at 4 min, 40% at 6 min, and 95% from 9 to 10 min. From 10 to 11 min, mobile B returns to 1% to re-equilibrate the column. We injected 2 µL of the standards and samples, monitored ultraviolet signals at 274 (catechol) and 340 nm (PPGs), and used a diode array detector to collect ultraviolet data from 190 to 400 nm.

For all samples (regardless of run method), we calculated PPG quantities as verbascoside equivalents, using a standard solution of pure verbascoside (isolated from *Plantago lanceolata* by M.D. Bowers, University of Colorado, Boulder, CO) prepared in a similar fashion as the samples with the internal standard solution. We compared peak areas of the verbascoside standard to all sample PPGs, all of which were normalized by the catechol internal standard peak area from each chromatogram. All sample PPG peaks were within a linear range established for the verbascoside standard and PPG concentrations were calculated as mg/g dry weight.

RIL variation and QTL mapping {#s7}
-----------------------------

The distributions of concentrations for each PPG were right-skewed ([Figure 3](#fig3){ref-type="fig"}). For this reason, we log-transformed \[log (PPG concentration +1)\], each PPG prior to statistical analysis. We assessed differences in PPG levels among RILs, among grow-ups, and between quantification methods using General Linear Models (GLM ANOVAs, Minitab 14; Minitab Inc., State College, PA). RIL (random) was nested within grow-up. Grow-up and quantification method were fixed factors. The variance components from each analysis of variance were used to calculate the variance within and among RILs for each PPG. RIL means for each PPG were calculated as residual values after correcting for any effects of grow-up and quantification method.

For each trait, we performed standard interval mapping ("scanone" function with default settings) using the multiple-imputations method with 32 imputations. The multiple-imputations method alleviates the issue of missing genotype data by imputing all missing genotypes numerous times conditional on observed genotype data at neighboring markers and storing these imputations. The final result of standard interval mapping is a combination of the results from mapping each imputation separately. We used these results to establish an initial QTL model consisting of the markers that exceeded the 5% LOD (logarithm of the odds) threshold. These LOD/significance thresholds were determined using 1000 permutations ([@bib10]). Increasing the permutation number to 10,000 had very minimal effects on LOD thresholds.

After establishing the initial QTL model for each trait, we searched for additional QTL while controlling for the QTL in the model ("addqtl" function). With the finalized QTL model, we extracted effect sizes, explained phenotypic variance, LOD scores, and 1.8-LOD intervals for each QTL. Effect sizes are reported in terms of phenotypic SDs, which were found by taking the square root of the estimated within-RIL variance in the analysis of variance table. After delineating QTL, we used Blast2Go ([@bib11]; Conesa and Götz 2008; [@bib25], [@bib26]) and Phytozome (v. 9.0; [@bib27]) to determine the functional basis of genes in other plant species that share high sequence similarity, and are likely homologous, to *M. guttatus* genes underlying each region.

Results {#s8}
=======

Genetic map {#s9}
-----------

Our genetic map based on 3073 markers has a total length of 1750 cM with an average spacing of 0.6 cM ([Figure 1](#fig1){ref-type="fig"}). [Supporting information](http://www.g3journal.org/lookup/suppl/doi:10.1534/g3.113.010124/-/DC1/010124SI.pdf), [Table S1](http://www.g3journal.org/lookup/suppl/doi:10.1534/g3.113.010124/-/DC1/TableS1.xlsx) provides the full genetic map (rows 1−3) and the genotype calls for 480 RILs (rows 4−483). Chromosomes range from 72 cM (chromosome 9) to 167 cM (chromosome 14). There is little variation in the average spacing per chromosome (range 0.4--0.8), but significant variation in the maximum spacing per chromosome. The maximum intermarker distance (13.2) is on chromosome 8, flanking a previously discovered inversion ([@bib48]; [@bib49]). There are three sections of the map where a large number of physically dispersed markers map to the same location. This is illustrated by the estimated recombination fractions between all markers on a chromosome ([Figure 2](#fig2){ref-type="fig"}). Chromosome 4 exhibits the typical pattern ([Figure 2D](#fig2){ref-type="fig"}): Recombination fraction increases continuously with the physical distance between markers. The 'block structure' evident on chromosomes 5, 8, and 10 is caused by many consecutive markers with little to no recombination ([Figure 2, A--C](#fig3){ref-type="fig"}).

![Heat map of the estimated recombination fraction between markers (below diagonal) and the corresponding LOD scores (above diagonal). The LOD score is for a test of the null hypothesis that the true recombination fraction between markers is 0.5 (free recombination). Low estimates of recombination fraction and corresponding high LOD scores are shaded red while blue represents the converse. (A) Chromosome 5, (B) Chromosome 10, (C) Chromosome 8, and (D) Chromosome 4. Putative inversions are apparent in (A), (B), and (C). (D) illustrates a chromosome lacking recombination suppression.](813f2){#fig2}

![The frequency distributions of untransformed recombinant inbred line (RIL) values for Conandroside, PPG 5, and PPG 7. Approximate values for parent plants \[IM 767 (IM) and Point Reyes (PR)\] are indicated with arrows in each histogram.](813f3){#fig3}

Recombination rate {#s10}
------------------

Approximately 1200 cM of the map is within 277 unbroken scaffolds of the v1.1 genome build, which represents \~185 Mb of the genome. The remaining 550 cM is between scaffolds which represents about 265 Mb (assuming a total haploid genome size of 450 Mb, <http://www.mimulusevolution.org/>). Thus, the average recombination rate within the mapped portion of the genome, 6.6 cM/Mb, is substantially greater than the average rate in the unmapped portion, 2.1 cM/Mb. The genome-wide estimate is (1750 cM/450 Mb) \~3.9 cM/Mb. Chromosome mean recombination rate estimates (and confidence intervals) within scaffolds are reported in [Table 1](#t1){ref-type="table"}. Confidence intervals for all chromosomes contain the estimate of 6.6 cM/Mb, indicating no significant differences in intra-scaffold recombination rate across chromosomes.

###### A chromosome by chromosome summary of intrascaffold recombination rate estimates

  Chromosome   cM/Mb   Confidence Interval (95th Percentile)
  ------------ ------- ---------------------------------------
  1            7.2     (4.7−8.9)
  2            6.2     (5.0−7.4)
  3            6.6     (5.1−8.1)
  4            6.8     (5.7−7.7)
  5            7.6     (5.3−10.3)
  6            5.8     (5.0−6.5)
  7            8.1     (5.6−10.1)
  8            7.1     (3.5−9.8)
  9            5.9     (4.9−7.4)
  10           6.7     (5.5−8.9)
  11           5.2     (4.1−6.1)
  12           7.6     (5.2−8.9)
  13           6.9     (5.8−8.1)
  14           5.7     (4.3−7.2)
  Global       6.6     (6.1−7.1)

The recombination rate estimates from each scaffold exhibit appreciable variation ([Figure S1](http://www.g3journal.org/lookup/suppl/doi:10.1534/g3.113.010124/-/DC1/FigureS1.pdf)), although estimates from smaller scaffolds, which yield the most extreme values, are subject to high estimation error. Focusing on scaffolds in the upper 50th percentile of the physical size distribution, we see recombination rates ranging from near zero up to \~15 cM/Mb. In line with expectations, the scaffolds that map to putative inversions exhibit minimal recombination. Considering scaffolds with physical length \>500kb, we find no correlation between recombination rate and gene density ([Figure S2](http://www.g3journal.org/lookup/suppl/doi:10.1534/g3.113.010124/-/DC1/FigureS2.pdf)). Finally, [Figure S3](http://www.g3journal.org/lookup/suppl/doi:10.1534/g3.113.010124/-/DC1/FigureS3.pdf) illustrates patterns of segregation distortion and residual heterozygosity across chromosomes in the RIL population (the detailed information about line specific genotypes is in [Table S1](http://www.g3journal.org/lookup/suppl/doi:10.1534/g3.113.010124/-/DC1/TableS1.xlsx)).

QTL mapping {#s11}
-----------

Individual PPG concentrations differed substantially across RILs, for each of the three PPGs. The full summary of tests is reported in [Table S2](http://www.g3journal.org/lookup/suppl/doi:10.1534/g3.113.010124/-/DC1/TableS2.pdf). RIL mean PPG concentrations were positively correlated, with Pearson correlation coefficients of 0.390, 0.419, and 0.361 for correlations between conandroside and PPG 5, conandroside and PPG 7, and PPG 5 and PPG 7, respectively (all associated p-values were less than 0.001).

QTL mapping results are summarized in [Table 2](#t2){ref-type="table"}. We discovered three significant (genome wide 5% level) QTL for PPGs. Conandroside, PPG5, and PPG7 each had a single underlying QTL detected, with no overlap of QTL across traits. The LOD profiles in [Figure 4](#fig4){ref-type="fig"} provide the locations of each QTL on linkage groups 3, 6, and 13. A search for additional QTL after controlling for the effects of the initially identified QTL showed no evidence for additional QTL. LOD intervals for chemistry traits ranged from 19 cM (\~15% of the chromosome) to 74 cM (55% of the chromosome). Using the genome-wide recombination rate, this corresponds to roughly 5-Mb and 20-Mb intervals for the QTL, respectively. The QTL exhibited relatively small effects and explained a minor portion of variance when fitting a linear model with QTL as predictor and chemistry trait as response. Power to detect our observed QTL was generally low as a result of limited phenotype data (of the 481 RILs genotyped, only 169 were phenotyped), high phenotypic error variance, and non-normal distributions of the phytochemical traits ([@bib6]). This also prevented fine-scale localization of QTL, despite high marker density.

###### QTL mapping results.

  Trait          Chr.   LOD-Interval, cM   \% Chr.   LOD    P-Value   \% Var
  -------------- ------ ------------------ --------- ------ --------- --------
  Conandroside   3      91.7−111.0         15.8      3.36   0.039     8.75
  PPG7           13     45.5−105.1         34.4      3.40   0.035     13.16
  PPG5           6      17.0−91.5          55.3      3.52   0.023     9.15

LOD-Interval is for a 1.8 LOD drop. % Chr. is the percentage of the chromosome contained in the LOD-interval. % var is the percentage of variance explained (using sums of squares) by fitting a linear model with QTL as predictor and chemistry traits as response. LOD, logarithm of the odds; QTL, quantitative trait loci.

![LOD profiles for each trait. Only showing the chromosomes containing a significant QTL. Upper dashed line represents 0.05 significance threshold, and lower dashed line represents 0.10 significance. (A) QTL for PPG7 on Chromosome 13. (B) QTL for Conandroside on Chromosome 3. (C) QTL for PPG5 on Chromosome 6.](813f4){#fig4}

We identify several putative defense response genes within the QTL regions. A gene identified within the QTL for conandroside on chromosome 3 shares 86% sequence similarity with the ACQ59091 gene in upland cotton (*Gossypium hirsutum*; [@bib18]), and 94% sequence similarity with the AGU43757 locus in Chinese white poplar (*Populus tomentosa*; [@bib24]). A candidate gene underlying the PPG 5 QTL on chromosome 6 shares 77% sequence similarity with XP_002325926 in black cottonwood (*Populus trichocarpa*; [@bib62]). Finally, we identified a candidate gene underlying the PPG 7 QTL on chromosome 13 that shares 92% similarity to locus GRMZM2G033555 of *Zea mays* ([@bib58]).

Discussion {#s12}
==========

Genomic inversions {#s13}
------------------

Large structural variants, such as inversions, are common between species ([@bib61]) and may play an important role in adaptive divergence of populations ([@bib39]; [@bib14]). A recent study in *M. guttatus* has shown that an inversion on chromosome 8 containing several hundred genes contributes to the differential adaptation of annual and perennial ecotypes ([@bib48]). Loci affecting multiple life-history traits map to the inversion. Generally, annual plants flower much sooner than perennials, which devote almost the entire first season to vegetative growth. Here, we have identified this same inversion in the IMPR RIL panel: 54 distinct markers spanning 2.95 Mbp of genome sequence map to essentially the same position at the upper end of chromosome 8 ([Figure 1](#fig1){ref-type="fig"} and [Table S1](http://www.g3journal.org/lookup/suppl/doi:10.1534/g3.113.010124/-/DC1/TableS1.xlsx)). However, we find two other genomic regions that yield the same pattern ([Figure 2](#fig2){ref-type="fig"}). Sixty markers spanning at least 3.75 Mbp at the lower end of chromosome 5 map together. The region on chromosome 10 consists of 75 markers spanning at least 4.1 Mbp.

These inversions must be classified as putative until we have direct cytological evidence. However, it is still worth considering their genomic locations in relation to previous QTL mapping studies. We expected the chromosome 8 inversion to be segregating in this cross given that the parents were sampled from annual (IM) and perennial (PR) populations. [@bib48] showed that this inversion distinguishes numerous annual and perennial populations that are geographically proximal. It is not clear whether the inversions on chromosomes 5 and 10 are also segregating in previously published *M. guttatus* genetic maps (summarized in [@bib22]) because previous maps typically involved 100-200 markers which implies an average marker spacing of 2−5 Mbp. The inversions identified here are of this size (3-4 Mbp) and a much higher marker density (up to 20 markers per Mbp in the present study) is needed to reliably identify recombination suppression at this genomic scale.

At present, it is unclear whether important genetic differences between *Mimulus* populations map to the inversions on chromosomes 5 and 10. The only previous QTL study of the IMPR RIL panel ([@bib34]) did map trichome density QTL on chromosomes 5 and 10. However, neither locus is within the putative inversions. Recently, [@bib23] mapped a locus affecting vernalization, an important life history trait of *M. guttatus*, to a marker (MgSTS 122) that resides within the chromosome 5 inversion. It is not clear whether the inversion is segregating in this cross between two perennial populations. Fortunately, the use of genotyping-by-sequencing should provide much higher resolution in future mapping studies and we will consequently obtain a more complete picture of geographical variation in genome structure.

Recombination rate variation {#s14}
----------------------------

The RIL genotyping combined with the v1 genome build of *M. guttatus* yields two different recombination rates, a genome wide rate and a rate specific to assembled scaffolds. The genome-wide rate, 3.9 cM/Mb, is consistent with previous genetic maps from *M. guttatus* ([@bib22]). It is higher than estimates from animals, which tend to range from \~0.5 to 1.5 cM/Mb ([@bib53]; [@bib37]), but comparable to *Arabidopsis thaliana* (4.6 cM/Mb; [@bib16]). The high rate of *A. thaliana* is predicted by population genetic theory demonstrating that higher recombination should evolve in self-fertilizing species ([@bib63]). *M. guttatus* is a mixed-mating species with outcrossing frequency varying extensively among populations.

The average recombination rate within genomic scaffolds was about three times greater than the estimated rate within unmapped portions of the genome. This difference might reflect a higher recombination rate in euchromatic than in heterochromatic DNA (*e.g.*, [@bib38]). About one-half of the *M. guttatus* genome consists of transposable elements ([@bib31]), and we masked repetitive regions before mapping reads to scaffolds in order to reduce the rate of mismapping and consequent genotyping errors. Heterochromatin is often highly repetitive, and if it is overrepresented in the interscaffold portions of the genome, then a lower recombination rate for this component is predicted ([@bib15]).

Genotyping of RILs, as done here, provides a coarse characterization of recombination rate variation, on the scale of hundreds of thousands of bp in *Mimulus*. A recent study of linkage disequilibrium (LD) in *M. guttatus* ([@bib31]) provides much finer scale information. The advantage of inferring recombination from LD is that it integrates the many recombination events occurring in the history of a population, instead of the rather few that occur in the generation of a mapping population. The difficulty is that LD is also influenced by mutation, migration, and selection and thus estimates are contingent on a particular evolutionary model. These issues aside, [@bib31] found that recombination rate is highest in genic regions, particularly at the 5′ end of genes. Consistent with this, we find that recombination rate is higher in the mapped portion of the genome, which contains the bulk of expressed genes, than in the unmapped portion of the genome. However, within mapped scaffolds, we failed to find any association between gene density and local recombination rate ([Figure S2](http://www.g3journal.org/lookup/suppl/doi:10.1534/g3.113.010124/-/DC1/FigureS2.pdf)).

PPG QTL {#s15}
-------

Although we know a great deal about the organization and regulation of enzymatic pathways leading to secondary compounds in plants (*e.g.*, [@bib28]; [@bib29]), we have only recently begun to characterize the pattern and effects of polymorphisms in nature ([@bib40]). Our study is a first attempt to characterize the genetic architecture of multiple PPGs, the dominant group of bioactive secondary compounds in *M. guttatus*. Our results identify a few loci, each of modest effect, and each of which appear to affect a distinct branch in the PPG pathway.

The absence of QTL affecting multiple PPGs (*e.g.*, via action on a common precursor in the pathway) is surprising, given the strong, positive correlations between certain PPGs as well as previous studies reporting mixtures of common and unique QTL affecting secondary compounds such as terpenes ([@bib32]; [@bib54]) and glucosinolates ([@bib40]; [@bib20]). It should be noted that this might simply be due to a lack of statistical power and is not a true reflection of the underlying genetic architecture. That said, our results suggest that individual PPGs may be genetically controlled independently of one another, thus increasing the complexity and lability of the secondary compound 'portfolios' within *M. guttatus*.

Within detected QTL, we identified multiple defense response genes, a broad class of genes encoding diverse enzymatic activities. These genes share the feature that expression is induced by a secondary organism or by wounding ([@bib7]; [@bib47]) which is in line with the role of PPG's as herbivore deterrents. The genes identified within the conandroside QTL on chromosome 3 influence production of cinnamyl alcohol dehydrogenase ([@bib18]; [@bib24]), an enzyme catalyst in the phenylpropanoid pathway that plays a major role in plant defense against biotic stressors. Increased levels of activity in cinnamyl alcohol dehydrogenase have been found in response to both herbivory and pathogen infection ([@bib60]; [@bib4]). The locus identified within the PPG 5 QTL on chromosome 6 affects expression of chalcone isomerase ([@bib62]), a key enzyme of the phenylpropanoid pathway with functions related to biotic defense and response to abiotic stressors ([@bib13]). Finally, the locus within the PPG 7 QTL affects activity of cinnamoyl-CoA-reductase ([@bib58]), another enzyme in the phenylpropanoid pathway ([@bib44]). When the biosynthetic pathway of PPGs becomes more fully characterized, candidate gene network filtering (*e.g.*, [@bib9]) should further advance our understanding of herbivory defense in *M. guttatus*.

Advances in sequencing technology and methods enabled us to construct a very dense linkage map for a panel of RILs derived from an interpopulational cross of *Mimulus guttatus*. We demonstrate the utility of such a map in quantifying genome-wide recombination rates, identifying genomic inversions, and QTL for ecologically relevant traits. Future work will determine whether life-history and other ecologically relevant traits will map to the newly-identified inversions, as well as the extent to which individual PPGs have independent genetic control.
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